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With the increasing amount of text data, sentiment analytics (SA) is becoming an important tool for text miners.  An 
automated approach is needed to parse the online reviews and comments, and analyze their sentiments.  Since lexicon is the 
most important component in SA, enhancing the quality of lexicons will improve the efficiency and accuracy of sentiment 
analysis.  In this research, we study the effect of coupling a general lexicon with a specialized lexicon (for a specific domain) 
and its impact on sentiment analysis.  Two special domains and one general domain were used.  The two special domains are 
the petroleum domain and the biology domain.  The general domain is the social network domain.  The results, as expected, 
show that coupling a general lexicon with a specialized lexicon improves the sentiment analysis.  However, coupling a 
general lexicon with another general lexicon does not improve the sentiment analysis.  
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INTRODUCTION 
Online reviews and comments are generating tones of textual data for text miners (Lee and Siau, 2001; Adeborna and Siau, 
2014).  Instead of simply classifying text based on keywords, it may be more valuable and insightful to analyze the sentiment 
of the text (Christos Troussas, Maria Virvou, Kurt Junshean Espinosa, Kevin Llaguno, Jaime Caro, 2013).  Lexicon is an 
important component of sentiment analysis.  Lexicon/corpus construction is generally viewed as a prerequisite for sentiment 
analysis.  Some of the existing lexicons include the Harvard Inquirer, Linguistic Inquiry and Word Counts, MPQA 
Subjectivity Lexicon, Bing Liu’s Opinion Lexicon, and SentiWordNet (Matheus Araújo; Pollyanna Gonçalves; Meeyoung 
Cha; Fabrício Benevenuto, 2014).  
 
LITERATURE REVIEW 
Lexicon plays an important role in SA.  Among the lexicons mentioned above, SentiWordNet is the most frequently used and 
probably the most well-known for general analysis.  SentiWordNet has three sentiment levels for each opinion word: 
positivity, negativity, and objectivity (dell’Informazione).  SentiWordNet has developed from version 1.0 to version 3.0. 
There are some differences between SentiWordNet 1.0 and 3.0: (1) versions of WordNet and (2) algorithms used for 
annotating WordNet automatically.  SentiWordNet 3.0 is working on improving part (2) (dell’Informazione).   
 
CONCEPTUAL FOUNDATION 
To establish a domain lexicon, the first step is data extraction.  The technique used for data extraction is web crawler.  
Traditional search engines like AltaVista, Yahoo, and Google can also complete tasks which web crawler does.  However, 
there are some limitations for those traditional search engines to complete crawler’s work (Baike, 2010): 1) many non-related 
or less-related webpages are retrieved, 2) traditional search engines cannot handle some structured data, and 3) traditional 
search engines can only search according to key words but not semantic information.  Web crawler is an Internet bot which 
systematically browses the World Wide Web, typically for the purpose of web indexing (Wikipedia, 2016).  
Web crawler (Web crawler, 2016) can extract webpages from Internet automatically.  In the process, web crawler needs to 
filter URLs which have no relation to our research according to specific web analysis algorithms, and extract and collect 
useful URLs into a waiting list.  It then continues to extract URLs from the waiting list and downsize the waiting list at the 
same time until all URLs in the list satisfy web crawler system’s specifications that were specified (ScienceDaily, 2016).  
We apply LDA-based topic modeling method (Barber) to extract aspects.  For LDA-based topic modeling, each document d 
!   D of an unlabeled training corpus D is determined by a multinomial distribution θ.  Given the topic z, a term t is 
characterized according to the multinomial distribution ϕ, determined by another hyper-parameter, a Dirichlet priori, β.  
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For the product aspect mining, we need to utilize a subset of the most informative topics to represent product aspects. We 
apply tf-idf measure to select the most informative topics to represent product aspects.  For the experiments reported in this 
paper, we adopted topz = 15.  
A set of user-related consumer reviews, domain knowledge reports, blogs, and articles are used to establish the relations 
between sentiments and aspects via learning process.  Identifying the adjectives associated with the product aspects is a good 
step to establish pairs. The calculation (Lau, R. Y., Li, C., & Liao, S. S., 2014) is to give the pairs polarity scores to show 




The central question of this research is whether coupling a general lexicon (e.g., SentiWordNet) with a domain specific 
lexicon will improve the results of sentiment analysis.  Figure 1 illustrates the concept.   
 
	
Figure 1. Lexicon Network 
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We can couple a general lexicon (e.g., SentiWordNet) with Biolexicon for biology domain, and couple a general lexicon with 
Petrolexicon for petroleum domain.  With this modular design concept, there is no need for professionals in the petroleum 
industry to come up with a completely new and comprehensive lexicon for the petroleum industry.  Rather, a small and 
specialized Petrolexicon can be constructed and this can be coupled with a general lexicon for sentiment analysis.  
 
EVALUATIONS AND COMPARISONS 
Three domains were selected in this research.  One domain is petroleum industry and a Petrolexicon was constructed as part 
of this research.  Another domain is the biology domain and a Biolexicon was used.  We also used a SocialSent lexicon for 
the social network domain.  The Petrolexicon and the Biolexicon are regarded as specialized domains.  SocialSent lexicon, on 
the other hand, is not a very specialized domain and the text used in social media usually does not contain too many technical 
jargons.  Figure 2 illustrates the analysis process. 
 
	
Figure 2. Analysis Procedure 
 
The preliminary results are shown below for the three lexicons (Tables 1, 2, and 3).  For example, for the Petrolexicon, we 
compared the SentiWordNet with the Petrolexicon, and we also compared the combination of SentiWordNet + Petrolexicon 
with SentiWordNet and Petrolexicon.   
Table 1. Results for Petrolexicon 
 
Lexicon  Product Reviews Biology News, 




SentiWordNet 0.8518152 0.8364654 0.7615454 
BioLexicon 0.9016564 0.9453122 0.9815457 
SentiWordNet+Biolexicon 0.9015666 0.9423321 0.9815956 
Table 2. Results for Biolexicon 
Lexicon  Product Reviews Petroleum News, 
Reports, and Blogs 
Journal Articles 
SentiWordNet 0.7827477 0.7452156 0.6518541 
Petrolexicon 0.8025648 0.8758446 0.9025464 
SentiWordNet+Petrolexicon 0.8025486 0.9215569 0.9745665 
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Lexicon  Product Reviews Social Networking 





SentiWordNet 0.7648151 0.8084144 0.8186455 
SocialSent 0.7695952 0.8448518 0.8318656 
SentiWordNet+SocialSent 0.7628494 0.8485265 0.8326451 
Table 3. Results for SocialSent 
 
The results show that specialized lexicons (i.e., Petrolexicon and Biolexicon) seem to be performing better than 
SentiwordNet.  Also, the combination of a general lexicon (i.e., in our case, SentiWordNet) and a specialized lexicon seems 
to produce better results for Petrolexicon.  For Biolexicon, the combination of a general lexicon and a specialized lexicon 
produces about the same results as Biolexicon alone.  For SocialSent, since it is not a specialized lexicon, there is hardly any 
difference between SentiWordNet and SocialSent. 
 
EXPECTED CONTRIBUTIONS AND FUTURE RESEARCH 
We hypothesize that specialized lexicons will improve the effectiveness of sentiment analyses, especially for specialized 
domains.  Our preliminary results suggest that this hypothesis may be supported.  We are in the process of conducting 
significant tests.   
 
This study is expected to contribute to both academic researchers and practitioners.  For academic research, we propose the 
idea of coupling specialized lexicons with general lexicons to enhance the quality of sentiment analyses.  The modular 
approach also provides an efficient and effective ways to developing specialized lexicons for various industries and domains.  
For practitioners, this research suggests that coupling a general lexicon with specialized lexicon(s) can result in higher quality 
sentiment analyses.   
 
There are a couple of directions for future research.  For example, future research can investigate the best ways to couple the 
lexicons.  Machine learning and deep learning approaches (Siau and Yang, 2017) to sentiment analysis can be explored and 
compared to existing sentiment analysis techniques.  Sentiment analysis is focusing mainly on text at the moment.  New 
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